We have adopted an analysis which produces a post hoc prediction of the time course of EMG activity from the discharge of ensembles of neurons recorded sequentially from the primary motor cortex (M1) of a monkey. Over several recording sessions, we collected data from 50 M1 neurons and several distal forelimb muscles during a stereotyped precision grip task. Ensemble averages were constructed from 5-10 trials for each neuron and EMG signal. We used multiple linear regression on randomly chosen subsets of these neurons to find the best fit between the neuronal and EMG data.
INTRODUCTION
Single neuron recording methods applied to behaving animals have contributed dramatically to our understanding of the limb movement related signals present in the central nervous system. Despite this success, however, recording neurons one at a time affords the smallest of windows through which to observe command signals that are encoded across tens or hundreds of thousands of neurons.
Nearly 20 years ago, Georgopoulos and his colleagues published a now classic study in which they demonstrated that the discharge of ensembles of neurons recorded sequentially in the primary motor cortex (M1) during a highly stereotypic task could be used to make a post hoc "prediction" of the direction of hand motion (Georgopoulos et al. 1983) . Since that time, many other studies have been published using similar methods in order to explore the nature of population coding of motor command signals (Caminiti et al. 1990; Fu et al. 1993; Kalaska et al. 1989; Moran and Schwartz 1999; Scott and Kalaska 1997; Shen and Alexander 1997; Taira et al. 1996) . Although many of these experimental studies have concluded that M1 signals encode movement in a hand-centered coordinate system, several theoretical studies have shown that the directional modulation of M1 discharge may arise from a system that fundamentally controls muscle activation (Mussa-Ivaldi 1988; Todorov 2000) . While many studies have used spike-triggered averaging of EMG to study putative connections between individual M1 neurons and muscles, relatively few have examined the correlation between the modulation of neurons in M1 and muscle activity. Most of those analyses have considered only individual neurons, and often very limited numbers of muscles. To our knowledge there has been only one related attempt to study the encoding of muscle activity by the discharge of ensembles of neurons (Fetz et al. 1989 ).
Because of the greater noise and complexity of the EMG time course, fitting neuronal ensemble discharge to EMG would seem to pose a greater challenge than that of fitting kinematic signals. However, the variety of anatomical and theoretical evidence consistent with a muscle-like organization of M1 offers compelling reasons to investigate this alternative possibility more systematically than has been done previously. This approach is also advantageous in that it provides the ability to study control issues at the single muscle level, and to apply identical methods across a wide range of behaviors.
We have adopted methods similar to those of Georgopoulos, whereby linear combinations of as many as 50 sequentially recorded neurons were used to "predict" the time course of muscle activity during a stereotypic precision grip task. With an ensemble of just 15 neurons chosen randomly from the full set, the activity of four different muscles was fit with an average R 2 of 0.88, indicating that neurons in M1 do provide a considerable amount of information related to muscle activity. These methods have allowed us to address the question of the relative timing between neuronal discharge and muscle activity throughout movement, as well as the effect of neuronal ensemble size on the quality of the fit to the EMG signals. To the extent that the methods allow, we have also studied the time and task dependence of the relations between neuronal and EMG signals.
METHODS

Task and Data Collection
These data were recorded from a single monkey (Macaca nemestrina) during execution of a stereotypic precision grip task. The monkey was seated in a standard primate chair with its right hand loosely restrained. The left hand was used to reach toward a small Plexiglas device with a 13 mm thick vertical bar instrumented with 2 force sensitive resistors. The bar could only be gripped by apposition of thumb and index finger, which were inserted into 16 mm wide slots parallel to the bar. A single trial began with the left hand on a touch pad at waist level. Following a 1 second touch pad hold time, an LED in the center of the bar was illuminated, instructing the monkey to grip the device. After a random hold time ranging from 500 to 1500 ms, a tone indicated success, the monkey was given a juice reward, and could return its hand to the touchpad to initiate the next trial following a random inter-trial interval. Figure 1 shows a series of three of these trials, including several EMG signals, grip force, and several logical signals indicating the state of the devices. The monkey typically operated the precision grip device in alternate blocks with several other similar devices, each requiring different use of the hand.
Neuronal discharge signals were measured with platinum/iridium electrodes. In each session, movements evoked by trains of intracortical micro-stimulation and stimulus triggered averaging of EMG were used to identify the function of the particular area. Across sessions, neurons were recorded from areas spanning the proximal arm and hand areas, with a bias toward the more distal areas. The signals were band-pass filtered (300-10,000 Hz) and amplified (10,000x). The shapes of individual action potentials were identified using a DSP-based discrimination system (Plexon, Inc, Dallas, TX) and the times of occurrence were saved with 100 µs precision. No more than 2 neurons were discriminated simultaneously from the electrode signal. The touch pad was instrumented with a micro-switch, and the times of its transitions were saved with 10 ms precision. EMG signals were band-pass filtered (130-1200 Hz), amplified, and sampled at 2000 samples/s. The signal from the force sensors was sampled at the same rate.
Surgery
Following training, a stainless steel chamber was implanted above the primary motor cortex, along with a halo-type head restraint. EMG leads were implanted subcutaneously on 23 arm and hand muscles, with leads routed to a connector implanted in the monkey's back (Miller et al. 1993) . All animal related procedures were approved by the institutional animal care and use committee at Northwestern University. Figure 1 shows raw EMG signals from seven of the 23 muscles which were implanted in this monkey, to give some sense of the repeatability of the muscle activation. Because most of the neurons were recorded in a portion of M1 representing the distal limb and hand, we selected a smaller group of four distal muscles (1 st dorsal interosseous, flexor pollicis brevis, flexor carpi radialis, and pronator teres) for this analysis based on the variety in the temporal patterns of modulation they represented.
Analysis
Fifty neurons were used for the analysis, the only conditions being that they were recorded from the distal limb area of M1, and discharged during the task. Peri-event histograms were calculated from the spike train data by aligning the responses during each trial to the falling edge of the touch pad signal, which indicated the onset of reach. Because of the variable minimum hold time, as well as variations in the monkey's reaction time, the hold period actually varied from about 750 ms to over 2000 ms. Consequently, in order to obtain more nearly stereotypic behavior, only those trials were considered in which the hold time was between 1.25 and 1.5 seconds. For a given data file, this typically included 5-10 trials. The histograms were low-pass filtered (20 Hz; 4 poles) in order to extract the modulation envelope of the activity, and normalized to an arbitrary peak of 100. These neurons had a broad range of patterns of activity, which are depicted in figure 2.
EMG signals from a single, representative data file were full-wave rectified and filtered. Ensemble averages were calculated that were analogous to the neuronal peri-event histograms. EMG signals in all later figures show these ensemble averages, rather than individual trials. The shapes of EMG averages for all the files were quite consistent, particularly for pronator teres, flexor pollicis brevis, and 1 st dorsal interosseous. The ratio of the two peaks in flexor carpi radialis varied somewhat from day to day, as did the intensity of the activity following the grip (approximately 2 seconds after reach) for pronator and flexor carpi radialis.
Each regression analysis was run using a subset of N neurons (3 N 50) selected randomly and without replacement from the full set of 50 neurons. The analysis found weighting coefficients for each neuron in the ensemble, plus an offset term which together best modeled the time course for each EMG. Two methods were taken to deal with the unknown time lag between neuronal and EMG modulation. One approach was to assume a single, fixed lag for all neurons. All neuronal discharge signals were shifted by this amount, which was systematically varied through a range of ±500 ms. Equation 1 describes the regression equation that was fit under this condition, where ˆ M (t) is the predicted time course of the EMG signal, and N i is the i th of n neuronal discharge signals, delayed by an amount t , and B i is the corresponding weighting coefficient.
A more complicated approach was also attempted which allowed more flexibility in timing without actually increasing the number of unknowns in the model. We first calculated the cross-correlation between each neuron / EMG pair. The time of the peak of this correlation indicates the time lag for which there was the greatest similarity between the signals. Consequently, the regression equation was modified accordingly, and the neuronal signal of each pair was delayed by an amount t i corresponding to the time of the peak cross-correlation:
For simplicity, we describe this as the "optimal" delay. Using the selected delays and regression coefficients, a "predicted EMG signal" was constructed from the neuronal ensemble for each muscle. The quality of this prediction was evaluated by calculating the linear coefficient of determination (R 2 ) between the prediction and the actual EMG signal. As a final summary, a grand average R 2 across all four muscles was determined. Finally, several methods were used to "cross-validate" the results for a given set of neurons, by applying the regression parameters determined from one set of signals to another set collected independently.
RESULTS
Effects of different delays between neuronal discharge and muscle activation
The typical delay between the bursts of neuronal and muscle activity at the onset of limb movement is 50-100 ms, although this number can vary quite substantially across neurons. As described above, we used two different methods to estimate this delay. Fifty different randomly chosen ensembles of 15 neurons were used in the first analysis, which included 41 different delays (made in 25 ms steps ranging from -500 to 500 ms) for each ensemble. The average R 2 was determined across these 50 sets of neurons, for all four muscles, and is shown in figure 3A as a function of the imposed delay. The effect of the delays on the quality of fit was approximately symmetrical, centered around a delay of 50 ms, at which point the average R 2 was 0.83. The quality of the fits fell off quite rapidly for delays within about 200 ms of this optimum, and then leveled off until reaching delays of nearly ±500 ms. Panels B-D of this figure show representative fits for various fixed delays. In this and all subsequent examples, the actual EMG signals are plotted with a thick line, and the "predicted" EMGs are plotted with a thin line. Because the particular neurons in any given ensemble were selected randomly, R 2 for a particular delay varied across ensembles. The particular ensembles used for the examples in this and subsequent figures were chosen with the condition that the R 2 averaged across the four muscles was approximately equal to the grand average across all 50 different neuronal ensembles shown in panel A.
The analysis depicted in figure 3A used a single delay for each neuron, although as noted above, the timing at the onset of movement, can be quite varied across neurons. Consequently, we also attempted to find an optimal delay for each neuron/muscle pair as described in the methods. By varying the width of the cross-correlation function, the range of possible delays could be adjusted. Figure 4 illustrates the effects of changing the cross-correlation width. The filled circles in figure 4A show the average R 2 obtained for 50 random ensembles of 15 neurons as the width of the cross correlation window was increased (while centered at 50 ms). The broadest cross-correlations had a half-width of 500 ms, and thus encompassed a range of possible delays from -450 ms to 550 ms. The open circles resulted from windows which were restricted to only positive delay values. In either case, the points at zero width correspond to the data point at fixed delay 50 ms in figure 3A . The R 2 values for the filled and open circles differed slightly in magnitude, since the random sets of neurons were different for the two analyses. The point at 25 ms half-width indicates that the average fit improved slightly, by about 0.02, when the crosscorrelation function was used to find optimal delays within a range of 25 to 75 ms (50±25 ms). The fits continued to improve for widths out to 50±100 ms, at which point they abruptly leveled off, and actually began to decrease slightly, only regaining the same quality for relatively broad window widths. It was only at the very broadest widths that the addition of negative delays offered a significant (though slight and variable) improvement over the positive-only delays. Selecting optimal, positive delays for each neuron/EMG pair improved the average quality of the fits by 6%, from 0.83 to 0.88, over the fits obtained with a fixed, 50 ms delay. Figure 4B illustrates representative fits using 15 neurons and optimal delays of 0 -150 ms.
Effect of different numbers of neurons on the quality of EMG prediction
We also investigated the quality of fits for neuronal ensemble sizes ranging in size from 3 to 50 neurons. The peak cross-correlation was used to determine optimal delays within a range of 0-150 ms. These results are summarized in figure 5A , which shows the average R 2 plotted as a function of neuronal ensemble size for 50 different ensembles. Ensembles containing fewer than 7-8 neurons yielded quite variable results, since they were particularly dependent on the ensemble containing a minimal number of well correlated neurons. On the other hand, the relation saturated rather quickly, with relatively little improvement beyond 20-25 neurons. In part this was true because there are few independent ensembles of this size which can be selected from the 50 neurons. However, the fact that the relation saturated at nearly 0.97 indicates that there was little room for improvement.
Panels B-D in figure 5 show representative examples of measured and predicted EMG for several different ensemble sizes. It is interesting to note that even with only 6 (panel B) neurons, most of the major features were reasonably well represented, including both peaks in the flexor carpi radialis example. This contrasts with the examples in figures 3B and D, in which only one of the two peaks could be fit by 15 neurons when the imposed delay was substantially non-optimal. Increasing the size of the ensemble, particularly above 15 neurons, seemed mostly to reduce the higher frequency noise of the estimate, perhaps simply by virtue of averaging together an increasingly large number of neurons with similar underlying modulation. The fit with all 50 neurons is remarkable in its fidelity to each of the four different EMG waveforms.
Among the 50 neurons, there are a small number that, by themselves, contribute a large R 2 for a particular muscle. Because the likelihood of having at least one of these neurons increases with increasing ensemble size, this factor alone could have accounted for much of the increase in total R 2 with increasing ensemble size. Figure 6A shows the distribution of R 2 for all 200 neuron / EMG pairs, using the optimal timing between 0 and 150 ms for each pair. Nearly 75% of the individual pairs had R 2 less than 0.20, and the average R 2 was only 0.16. However, the total R 2 of an ensemble of neurons must be at least as large as the R 2 due to the single, best predictor neuron. The open circles in figure  6B show the average R 2 which would have resulted from just the single neuron within an ensemble of N neurons that would have provided the best fit to all four muscles. The relation saturates above 10-15 neurons, reaching a maximum of approximately 0.6. The filled circles represent the total R 2 value as a function of neuronal ensemble size, taken from Fig 5A. Hence, information from multiple neurons typically increased the quality of the average fit by approximately 50% over that of the best single neuron.
Behavior-related effects on the quality of EMG prediction
The examples illustrated thus far have entailed fitting neuronal discharge data to EMG signals recorded only during the precision grip task. We also constructed a set of EMG ensemble averages and neuronal discharge histograms during a power grip task. We were able to obtain power grip data for 38 out of the 50 neurons. The task resembled that of the precision grip, except the monkey was required to grasp a 1.9 cm diameter cylinder oriented horizontally and parallel to the monkey's frontal plane. Because the monkey tended to grip for a longer period of time than during the precision grip task, we used trials having a hold time between 1.4 and 1.65 seconds. The power grip data yielded approximately the same quality of fits as did the precision grip when the calculations were done as described above. Figure 7A summarizes a series of cross-validation tests in which regression parameters were calculated for the data collected during the precision grip task, but used to predict the EMG modulation during the power grip task. Filled circles are analogous to the results shown previously in figure 5A , although the neurons were drawn from the smaller subset of 38. The open circles indicate the fits that resulted from the prediction of power grip EMGs, using neurons recorded during the power grip, but with the regression parameters derived from the precision grip analysis. One hundred additional repetitions of 15-neuron ensembles were analyzed similarly. Among these, the variance accounted for by the cross-validation power fits was 38% of the precision grip fits. The dashed line at the bottom of figure 7A indicates the mean R 2 that resulted from 100 tests in which the regression parameters were chosen randomly, from within the range of the actual values. These fits did not improve with increasing ensemble size. The difference between the mean of the random group and the 15-neuron cross-validations was highly significant (p < 0.0001; Wilcoxon Rank Sum). Figure 7B shows a representative fit from the crossvalidation analysis. Note that the fit was particularly bad at the end of the hold periods (approximately 2 seconds after reach) when the behavior was most variable.
In addition to calculating regression parameters for the precision and power grip individually, an analysis was done which included 4 second segments from both types of grip. These results are shown by the open circles in Figure 7C . The filled circles are the same as those shown in figure 7A . The quality of the combined fits was somewhat lower than those for a single task, but still remained quite high, particularly for the larger ensembles. The relation between R 2 and ensemble size rose more slowly for the combined behaviors, continuing to approach the precision-only curve even for the largest ensembles. Figure 7D shows one example of the power grip segment from this analysis using an ensemble of 15 neurons. Despite the different time course of muscle activation across the two tasks, the major features in both (precision grip not shown) were fit reasonably well.
The robustness of these fits was further tested by dividing each original precision grip data file into two equal length segments. EMG ensemble averages and neuronal discharge histograms were constructed from each half, and a cross-validation analysis was performed. Because of the more limited number of trials under these conditions, there was no restriction imposed on the hold time. The filled circles in figure 8A show the average R 2 values for this analysis that are analogous to those of figure 5A . The open circles indicate the R 2 values from the cross-validation analysis. For relatively small ensembles, the resultant R 2 values were widely scattered and broadly overlapping across conditions. However, for ensembles above about 15 neurons, there was a fairly consistent, roughly 10% difference between the two approaches. A single, representative example with 45 neurons is shown in figure 8B . The major features of the EMG continued to be well captured by this approach, but there were now small errors in the magnitude and timing of the fits in addition to what appears to be high frequency noise.
DISCUSSION
This paper describes a novel attempt to model the encoding of muscle activation signals by ensembles of M1 neurons. The approach takes advantage of the stereotypic nature of the task, and the strong time invariance of M1 neurons (Morrow et al. 2001) . The time course of EMG signals is reconstructed using linear combinations of the discharge of sequentially recorded neurons. While this approach is fundamentally limited to addressing the ensemble averaged time course of these neuronal and muscle signals, it offers important new insights. Most importantly, the results demonstrate that a relatively modest number of neurons in M1 are potentially capable of providing enough information to reconstruct the modulation envelope of limb EMG signals with remarkable accuracy.
Strength of the relation between neuronal discharge and muscle activity
The high quality of the regression fits for data recorded sequentially from 30 or more neurons during a single behavioral condition was unanticipated. It is reasonable to assume that similar calculations made from 30 simultaneously recorded neurons would yield even better fits. More complex behaviors, such as that represented by the combination of precision and power grasps, were also fitted quite well. The asymptotic performance for precision and power grasp was only about 10% below that of the precision alone. However, it is also important to note that the quality of the precisionplus-power fit for 30 neurons was approximately equaled in the precision-only data using half as many neurons. If this relation were to hold true for increasingly complex behaviors, the number of required neurons might be considerably increased to achieve high quality fits.
Given the results of figures 7 and 8, it is clear that cross-validating a data set using regression parameters from a related but different behavior, will yield significantly weaker fits. Such fits are likely to become progressively worse with increasing difference between the behaviors represented by the two data sets. It is worth noting that even if the underlying encoding system in M1 is one of muscle activity, one would not necessarily expect the parameters fitted exclusively during one behavior to predict an entirely different behavior satisfactorily. The motor system is highly redundant, having several orders of magnitude more neurons than even motor units. This is well illustrated by the fact that many different combinations of neurons in this study yielded essentially equivalent fits to a given EMG waveform.
Even if these neurons do all express a muscle activation code, there may well be subsets of neurons that are activated only under particular conditions and not others. A task preference of this sort has been noted for power and pinch grip (Muir and Lemon 1983) . It has also been suggested that certain M1 neurons are preferentially activated during tasks requiring coactivation, and others during reciprocal activation of antagonists (Humphrey and Reed 1983) . If this were the case, it would be necessary to sample across the full set of such tasks in order to represent the behavior of the full ensemble of neurons adequately. Having done so, it might be possible to predict the full range of muscle activation from a single set of regression parameters. The performance of such a system might then resemble that illustrated by figure 7C and D, in which a single set of parameters was fit to a combination of two distinct behaviors.
Timing of the relation between M1 discharge and muscle activity
The timing of the onset of activity in M1 relative to that in muscles has long been a puzzle, since it typically is much longer than the 5-10 ms delay that would be expected from estimates of conduction times or from the onset of post-spike facilitation (McKiernan et al. 1998) . Estimates across cells vary quite widely, but for cases in which the neuronal discharge is strongly related to a particular movement, the latency at movement onset is typically 50-75 ms (Cheney and Fetz 1980) . One explanation for this discrepancy is the possible need to overcome a threshold nonlinearity in the spinal cord, which could add a significant delay between the onset of the descending command and the beginning of muscle activation. If this were the case, one would expect that later in the movement, once this threshold had been surpassed, EMG modulation would be delayed from neuronal modulation by only the amount of the conduction time.
The results of this study suggest otherwise. Although very good fits were obtained with delays of 0-25 ms, somewhat better fits were obtained with delays of 50 ms. This magnitude of delay is nearly the same as the mean lag time reported earlier for highly significant cross-correlations between magnocellular red nucleus (RNm) discharge and forelimb EMG (Miller et al. 1993) . It is difficult to explain this result if delays of this magnitude were present only at the onset of movement. An alternative mechanism has been proposed that might cause such delays throughout movement, rather than just at the outset. Persistent inward currents in motor neurons have been shown to cause long-lasting plateau potentials which vary in amplitude proportionately with injected current across a fairly broad range of current strength (Carlin et al. 2000; Lee and Heckman 1998) . The time course of these dendritic currents is rather slow, on the order of 50-100 ms. It is thought that they may act like low-pass filtered amplifiers, producing currents in response to, but delayed from and significantly larger than, synaptic currents (personal communication, C.J. Heckman).
The "optimal" method of selecting delays differs in an important respect from that of including an unknown delay for each neuron in the regression equation. Because the optimal delay is chosen independently for each pair, a burst from one neuron could not have been used to "fill in" a missing phasic portion of an EMG, except at the particular lag which provided the best overall fit to the EMG. This is important, since otherwise a set of simple pulses at various delays could be used to fit almost any arbitrary waveform. On the other hand, if individual M1 neurons do contribute only particular features of a given EMG waveform, this method may yield inappropriate delay times. This may be the explanation for the unexpected slight decrease in quality of fit that occurred for increasingly large delay windows between 150 and 300 ms half-width (figure 4A). A neuron which actually contributed only a simple pulse of activation to a more complex EMG waveform may have been shifted several hundred ms from its appropriate alignment in order to achieve the optimal alignment with the entire EMG. A narrower window would limit this effect, and thereby tend to improve the overall fit.
Some neurons had their peak correlations at a negative delay, that is, with neuronal discharge lagging EMG. Indeed, because of their width, most neuron / EMG crosscorrelations which peaked in the 0 to 150 ms range remained significant for negative delays. Similar results were reported earlier for RNm (Miller and Sinkjaer 1998; Soechting et al. 1978) . It is likely that many of these long-lag correlations result only indirectly as a result of behavior-related correlations among muscles. Perhaps as a consequence, consideration of these negative delays in the current study caused essentially no improvement in the quality of fits, except when rather long, nonphysiological delays were considered.
Comparison with other studies
Several studies have examined the relation between the magnitude of the peak or mean motor cortical discharge and a similar aspect of muscle activity (Lamarre et al. 1981; Maier et al. 1993; Thach 1978) . Others have examined the correlation or coherence between EMG signals and either the discharge of single neurons (Holdefer and Miller 2002; McKiernan et al. 2000; Schwartz and Adams 1995) , local field potentials (Baker et al. 1999) or electroencephalographic signals (Halliday et al. 1998; Mima et al. 2000) . However, to the best of our knowledge, there has been only one other study which attempted to account for the time course of EMG modulation on the basis of the discharge of multiple neurons (Fetz et al. 1989) . That approach was similar to ours, in the sense that peri-event histograms were constructed to represent the "typical" behavior of M1 neurons recorded sequentially during a simple wrist flexion task. That analysis was restricted to cells causing post-spike facilitation in at least one of several target muscles. Seven representative discharge profiles were identified among the histograms, which were summed in proportion to the relative frequency with which each was seen. An analogous histogram from the responses of several muscles that were coactive in the task was also calculated. The resultant neuronal and EMG histograms bore a reasonable resemblance to one another, but each lacked most of the distinctive features present in the ensemble averages of individual neurons or muscles used in this study.
Unlike the case for EMG, there have been several efforts to predict kinematic parameters from simultaneously recorded neurons. In the earliest, linear combinations of as many as 5 simultaneously recorded neurons were used to predict the force, displacement, or speed of wrist rotation (Humphrey et al. 1970) . Quite recently, using improved methods to implant chronic arrays of electrodes, 30 or more simultaneously recorded neurons have been used to predict movement of the hand or joint rotation (Serruya et al. 2002; Taylor et al. 2002; Wessberg et al. 2000) . Application of similar methods to EMG signals should certainly be pursued.
We have demonstrated that a small number of neurons recorded in the primary motor cortex contain sufficient information to reconstruct the time course of averaged muscle activity with considerable precision. We do not mean to suggest that a given ensemble of M1 neurons encodes the activity of individual muscles. Rather, there is evidence that individual M1 neurons relate best to functional groups of muscles (Holdefer and Miller 2002) , and it is likely that larger ensembles of neurons also relate in a more complex fashion to groups of muscles.
These observations cannot be considered evidence that all M1 neurons carry a musclelike code. As outlined above, there is ample evidence of significant correlations with kinematic signals as well. Behavioral and analytical differences among the different studies makes a direct comparison difficult. However, the cross-correlation and multiple regression methods that we have been developing may be applied to both EMG and kinematic signals. The invariance of these relations across tasks, as well as over relatively long periods of time are two important issues that should be pursued. It would also be possible to test whether individual neurons encode the dynamics of the full motor command, or just particular features. Such methods would also invite the application of more sophisticated signal analysis, including the calculation of multiple input, non-linear filters, and information theoretic approaches.
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Signals measured during several repetitions of the precision grip task. The first seven traces are raw EMG signals recorded from epimysial electrodes chronically implanted on several muscles of the arm and hand. Below these are uncalibrated force records representing the thumb and index finger. Finally, several logical signals, indicating the presence of the monkey's hand on the touch-pad, illumination of the cue LED, and the onset of grip force.
Ensemble averages of the discharge of 50 neurons during the task shown above. Only trials having a hold time between 1.25 and 1.5 seconds were included in these averages, which typically included 5-10 trials. All trials were aligned to the time at which the touch pad signal went low. The average waveforms were normalized to an arbitrary peak value of 100. A: Results for fixed delays of ±500 ms in steps of 25 ms. 50 different ensembles were tested at each delay. Each point in panel A indicates a grand average of the coefficient of determination (R 2 ) across all 50 tests and 4 muscles. The best overall fits were obtained with a delay of 50 ms. B-D: Thick lines are rectified, filtered, and ensemble averaged EMG signals, analogous to the neuronal discharge averages shown in figure 2. Thin lines are representative examples of "predicted" EMG signals, computed from randomly chosen ensembles of 15 neurons using the fixed delays of Eq. 1.
